Abstract A number of statistical methods are widely used to describe allelic variation at specific genetic loci and its implication on the evolutionary history of these loci. Although the methods were developed primarily to study allelic variation at loci that are virtually always present in the genome, they are often applied to data of gene content variation (i.e., presence/absence of multiple homologous genes) at the killer cell immunoglobulin-like receptor (KIR) gene cluster. In this paper, we discuss methodological issues involved in the analysis of gene content variation data in the KIR region and also its covariation with polymorphism at the human leukocyte antigen class I loci, which encode ligands for KIR. A comparison of several statistical methods and measures (gene frequency, haplotype frequency, and linkage disequilibrium estimation) using the Centre d'Etude du Polymorphisme Humain data will be provided using KIR haplotypes that have been determined by segregation analysis, noting the strengths and weaknesses of the methods when only the presence/ absence data is considered. Finally, application of these methods to a set of globally distributed populations is described (see Single et al., Nat Genet 39:1114-1119 in order to illustrate the challenges faced when inferring the joint effects of natural selection and demographic history on these immune-related genes.
Introduction
The killer cell immunoglobulin-like receptor (KIR) gene cluster encompasses a segment of about 150 kb within the leukocyte receptor complex (LRC) on chromosome 19q13.4 (Fig. 1) . KIR genes are tandemly arrayed and their haplotypes display both gene content (i.e., presence/ absence of each gene) and allelic variation (Shilling et al. 2002) . Over 37 KIR haplotypes differing in gene content have been identified by segregation analysis to date (Khakoo and Carrington 2006) , which is undoubtedly an underestimation of the total number, given the large number of KIR gene profiles (i.e., the set of KIR genes present within a given individual without knowing whether each gene is present on one or both haplotypes) that have been observed across populations to date. The KIR genes share high sequence similarity (85-99%) such that nonallelic homologous recombination (NAHR) may occur frequently at this locus, as it does at other tandemly arrayed homologous sequences (Carrington and Cullen 2004; Stankiewicz and Lupski 2002) , resulting in expansion and contraction of haplotypes as well as rearrangement of gene order across haplotypes.
KIR haplotypes can be split into two basic types, termed A or B, depending on the presence of a single or multiple activating KIR genes, respectively (Uhrberg et al. 1997) . KIR2DS4 is the only activating KIR gene present on A haplotypes, and a common null 2DS4 allele characterized by a 21-base pair deletion in the transmembrane domain results in the complete absence of activating receptors on most A haplotypes. The frequency of group A haplotypes (which differ from each other only in terms of allelic polymorphism and not gene content) is roughly equivalent to that of group B haplotypes (which differ from one another both in terms of gene content and allelic variability) among individuals of European descent (Hsu et al. 2002) , but this distribution varies across distinct populations (Toneva et al. 2001; Yawata et al. 2002) .
KIR are expressed on and modulate activity of natural killer (NK) cells, which are important components of the innate immune response against infected or transformed cells through production of cytokines and direct cytotoxicity. KIR are also expressed on a subset of T cells and have been implicated in contributing to acquired immune responses. Given the function of KIR in regulating immune responses, the extensive variation across KIR haplotypes, and the specificity of KIR for the highly polymorphic human leukocyte antigen (HLA) class I loci, it is not surprising that variation at loci within this region has been found to associate with certain disease outcomes, generally in combination with their HLA class I ligands (Kulkarni et al. 2008) . A thorough evaluation of the diversity at this locus and the associations between pairs of KIR genes are essential to our understanding of KIR biology in general and its influence on disease pathogenesis. In this study, we consider the strengths and limitations of methods used for the estimation of gene frequency, haplotype frequency, and linkage disequilibrium (LD) based on gene content variation data at the KIR locus. Our analyses use both family derived haplotypes from the Centre d'Etude du Polymorphisme Humain (CEPH) (see accompanying paper in this issue) and genotypic data from unrelated individuals within a number of world populations. The availability of a family-based dataset containing information on KIR gene content variation (see the accompanying paper by Martin et al. in this issue) allows us to obtain direct estimates of gene content with respect to which estimates based on simple presence/absence information can be compared.
Gene frequencies, carrier frequencies, and Hardy-Weinberg proportions
Much of the recent KIR genotyping has used methods that detect the presence or absence of specific KIR genes. This leaves ambiguity due to the inability of most current KIR typing methods to distinguish between homozygotes and heterozygotes for a given locus. Gene frequency data is the standard data type for many population genetic and disease association analyses. Many KIR studies use estimated gene frequencies (GF), derived from carrier frequencies (CF), in their analyses and for comparisons among groups:
. This transformation is based on the assumption of Hardy-Weinberg proportions (HWP) and is sometimes referred to as Bernstein's formula (Gourraud et al. 2005; Williams et al. 1986) . Frequencies that differ from those expected under HWP may indicate processes of biological interest (selection, inbreeding) or provide information about methodological issues (heterogeneous populations, typing error, or genomic organization-see below). Analysis of HWP has been used to confirm allelic relationships for 2DL2 with 2DL3 as well as 3DL1 with 3DS1 (Gendzekhadze et al. 2006; Norman et al. 2002) . 2DS2  3DL2  3DL3  2DS3  2DS5  2DL4  2DL5A  2DS1  2DS5  3DL1  3DS1   2DL2  2DL3  3DP1  2DL5B 2DP1 2DL1 2DS3 2DS4 Fig. 1 Table 1 show that estimating gene frequencies using Bernstein's formula is in general quite accurate for the CEPH samples. The largest percentage difference is seen for 2DS3 (−9%), but a similar result is observed for 2DL5 (percentage difference −9.3%), if one does not distinguish between 2DL5A and 2DL5B, as was the case in earlier KIR studies (Gomez-Lozano et al. 2002) . In most cases, 2DL5A maps telomeric and 2DL5B maps centromeric to the centrally located 2DL4 gene. When 2DL5A is present, 2DL5B is usually absent and vice versa, but there are haplotypes on which both genes are present. Similarly, the fact that 2DS3 may be present on either the centromeric side, telomeric side, or both sides of the 2DL4 gene, depending on the particular KIR haplotype (Martin et al. 2004) , may explain the larger discrepancy between gene frequencies computed from segregation analysis results and those derived from carrier frequencies assuming HWP. In future studies, it will be of interest to assess the assumption of HWP based on known genotypes (e.g., through segregation analysis), as presented in this study, since this assumption is often used in computing gene frequencies, haplotype B frequencies, and measures of LD. A better understanding of the tenability of the HWP assumption for KIR loci is particularly important for disease association studies where researchers often use allelic odds ratios and chi-squared statistics. These statistics are known not to be robust to deviations from HWP in controls (Sasieni 1997) . Thus, these statistics will be less accurate if the HWP assumption does not hold.
Haplotype frequencies and estimation
The expectation-maximization (EM) algorithm is an iterative procedure that uses unphased multilocus genotype frequencies along with the assumption of HWP to converge on final haplotype frequencies (HF) estimates (Dempster et al. 1977; Excoffier and Slatkin 1995) . Currently available programs for estimating HFs for KIR data (described below) use the EM algorithm and additionally require an a priori list of known/possible haplotypes as input. This differs from traditional implementations in which the set of all possible haplotypic combinations is generated from the observed genotypic data and there are no restrictions on possible haplotype patterns. The list of user-designated a priori haplotypes is defined to "span" the set of observed genotypes in a study if each observed genotype can be generated from at least one pair of haplotypes in the a priori list. If pairs of haplotypes from the a priori list do not account for all of the observed genotypes in the sample (i.e., the a priori list does not span the observed genotypes), care must be taken in the interpretation of the resulting estimates. Several recent papers describe methods and results for the estimation of HFs for KIR. Gourraud et al. (2007) described a maximum likelihood estimation framework for KIR haplotype frequencies based on the EM algorithm. Using data from over 40 Irish families, true and estimated KIR HFs were compared by performing a simulation study in which "true" family-based KIR haplotypes were combined probabilistically to generate simulated phaseunknown genotypes. The software allows the user to constrain the space of estimated haplotypes by providing a user-defined set of possible haplotypes (i.e., their original set of phase-known haplotypes derived by segregation analysis). They suggest that sample sizes of 500 or more individuals will provide acceptable estimation accuracy. Measures of accuracy related to haplotype identification were particularly low for samples sizes under 200. Middleton et al. (2007) reported genotype and HFs for 154 parents in 77 Northern Irish families based on 10 genes typed at the allele level and seven genes typed for presence/absence. Yoo et al. (2007) developed an algorithm that can incorporate information about specific haplotype patterns and an a priori list of previously defined haplotypes, implemented in the haplotype inference using identified haplotypes patterns (HAPLO-IHP) software in order to estimate haplotypes from phase-unknown data. In this approach, the algorithm first constructs a minimal set of haplotypes to resolve observed genotypes and then uses the EM algorithm to estimate HFs. A haplotype pattern file allows the user to require the presence of anchor genes or specify an allelic relationship between specific KIR loci. When the a priori list of user-defined haplotypes does not span the observed genotypes, new haplotypes are "constructed" in an attempt to satisfy any user-defined haplotypes patterns. The authors generated simulated data based on the haplotypes and frequencies reported in Middleton et al. (2005) and Hsu et al. (2002) . As new haplotypes are identified and reported in the literature, their incorporation as input to the program will theoretically further improve accuracy and efficiency. The authors also acknowledge that a potential drawback of the constraints imposed by the use of predefined haplotype patterns is that rare or unusual haplotypes, which are not compatible with the constraints, may be incorrectly rejected. The simulations in these studies were carried out in such a way that the a priori list of haplotypes spans the set of observed genotypes. We discuss below an example where this is not the case.
Application to the CEPH data
In another manuscript published in this same issue (Martin et al.) , we determined KIR HFs by segregation analysis using the parents and grandparents of 89 CEPH individuals. We also estimated HFs based on KIR profile data from each unrelated individual in the sample of CEPH families using two different methods in the corresponding set of 90 presence/absence genotypes. We used the haplotypes defined in Fig. 1 of Khakoo and Carrington (2006) as our a priori list of haplotypes, along with an expanded list (the "plus three" list described below), to account for genotypes that were not observed in the initial list (i.e., not "spanned" by the initial list).
Accuracy of HF estimates was assessed using measures that compare the true HFs, h i , and the frequencies estimated by the EM algorithm, b h i . The sum of the absolute deviations (SAD) was computed as SAD
is a frequency-based similarity index that takes a value of 1 if the true and estimated frequencies of all haplotypes are equal.
is a measure of haplotype identification where n true represents the true number of different haplotypes present, n estimated is the number of distinct haplotypes identified in the estimation, and n missed is the number of true haplotypes not identified in the estimation. It takes a value of 1 if the set of estimated haplotypes is identical to the set of true haplotypes in the sample. For the purposes of this statistic, a haplotype was considered to have been identified if the estimated HF implies that it is present in at least one chromosome in the sample (Excoffier and Slatkin 1995) .
Two sets of HF estimates for the CEPH data are shown in Table 2 . For both sets, we imposed the following constraints on haplotype estimation: (1) the "anchor" genes 3DL3 and 3DL2 are always present and (2) both 2DL2/2DL3 and 3DL1/3DS1 have allelic relationships. The allelic relationship, specified implicitly in the a priori haplotype list or explicitly in the haplotype pattern file for HAPLO-IHP, requires that these genes do not occur together on the same haplotype. For the initial set of estimates, we used the list of haplotypes in Fig. 1 of Khakoo and Carrington (2006) as the list of a priori haplotypes. For the second set of estimates, we expanded the a priori list to include three additional haplotypes identified in the CEPH by segregation analysis (we will refer to this as the "plus three" list), since the original list did not span the set of observed genotypes and this led to the spurious results described below.
In the initial set of HF estimates where the a priori list of haplotypes did not span the set of observed genotypes, estimates were generated for an additional set of 61 haplotypes created by the HAPLO-IHP program that were not present in the a priori list. The total sum of the frequencies for these spurious haplotypes was 0.06, which corresponds to approximately 11 haplotypes. Therefore, we updated the a priori list of haplotypes so that it spanned the set of genotypes for the second set of results.
In the second set of HF estimates, there were no additional spurious haplotypes created by the program since the "plus three" list spans the set of observed genotypes. In this revised Frequencies estimated using the Khakoo and Carrington (2006) list and three additional CEPH haplotypes identified in the segregation analysis set of HF estimates, 12 of the 20 true haplotypes were estimated with a maximum difference in frequency of 0.038. Eight true haplotypes were not estimated to exist (maximum difference in frequency of 0.011) and six haplotypes from the Khakoo and Carrington list were estimated but were not actually present in the dataset (maximum difference in frequency of 0.055). The I f measure of accuracy of frequency estimation was 0.838, indicating that the more common haplotypes were estimated relatively well. The SAD was 0.323 and the I h measure was 0.526. The low value for the I h measure reflects the fact that a large number of lowfrequency haplotypes were either missed or estimated but not actually present in the sample. Twenty-three of the 30 global populations from Single et al. (2007) included individuals with presence/absence genotype profiles that could not be constructed using pairs of haplotypes from the Khakoo and Carrington (2006) list of well-documented KIR haplotypes (i.e., these populations contained individuals with "new" haplotypes). There are 11 populations where more than 5% of individuals fit this description, including each of the African populations (Table 3 ). This percentage is substantially higher than 5% in several populations and more than 10% in four of the six African populations. This pattern is expected given that Africans have lower LD, carry more haplotypes, and have been studied less than Europeans for KIR. It is important to take these findings into account when using estimated HFs in downstream analyses, in particular those involving populations whose haplotypes have been less well-documented (e.g., Africans), since this could lead to unreliable results.
Linkage disequilibrium and measures of association for KIR data
The study of LD in the human genome has experienced a surge of interest in the last decades due to the feasibility of large-scale SNP-based studies for gene mapping and evolutionary history. Patterns of LD in a given population are determined by mutation, recombination, natural selection, and the demographic history of the population. Natural selection, through a potential selective advantage due to combinations of alleles on the same haplotype, is one evolutionary process that is expected to increase the magnitude of LD (Garrigan and Hedrick 2003) . However, nonselective processes, such as drift and population bottlenecks, can also generate LD. For example, several SNP-based studies have reported higher LD in populations that have smaller effective population sizes (e.g., Tishkoff and Kidd 2004) . It is also likely that both selective and nonselective forces shape patterns of LD, as has been seen for HLA (Meyer et al. 2006) . Yawata et al. (2006) showed that KIR LD patterns in Japanese were evidence of a selective sweep which may be responsible for driving a specific group A haplotype to high frequency. The abovementioned studies use various methods to estimate the significance and strength of LD. The manner in which these statistics are estimated depends on the type of data available. We discuss below the methods for the analysis of LD in the KIR gene content data.
There are several measures of LD that can be used in genetic studies, each with its strengths and weaknesses (Mueller 2004; Slatkin 2008; Weiss and Clark 2002) . D′ and the square root of the r 2 measure (a.k.a. Cramer's V, or Wn in the HLA literature, for the multiallelic extension) are among the most commonly used for allele-level genotype data. Both of these measures have a counterpart for presence/absence genotype data which we will refer to as D′ * and Wn*. The D′ * statistic (Mattiuz et al. 1971) , defined below, is most often cited in KIR studies of presence/absence data. Comparisons of the degree of LD across different studies are complicated by the fact that the 
and has a range from −1 to +1, depending on the direction of the association. Both of these measures have extensions for multiallelic data (Hedrick 1987 ) which can be used for allelelevel data.
The significance of overall LD between two loci can be tested using the permutation distribution of the likelihoodratio statistic (Slatkin and Excoffier 1996) and also using Fisher's exact test on the contingency table summarizing the relationship between two loci across KIR haplotypes.
In the context of KIR studies for presence/absence data, the above methods require the use of the carrier frequencies to estimate the gene frequencies (i.e., the frequency with which gene copies are present or absent), followed by the estimation of haplotypes. Thus, there are two sources of estimation error for LD measures based on this approach.
Association measures for gene content KIR data
A large number of KIR studies have used an alternative approach for estimating LD, based on the direct quantification of the association of presence/absence information at two loci summarized in the contingency table of gene content data below for N=a+b+c+d. In this setting, the strength of the association between two KIR genes is often measured using an estimate of the D′ statistic (Mattiuz et al. 1971 ) based on the presence/absence table, which we will call D′ * . The D′ * statistic is computed as above, but, in this case, the individual LD coefficients are estimated from the presence/absence table as follows: Mattiuz et al. 1971; or Schipper et al. 1998 ). Cramer's V statistic can also be computed from the contingency table of presence/absence counts and we will refer to this statistic as Wn*:
Fisher's exact test can also be used to test for nonrandom association between the presence/absence of pairs of genes across KIR genotypes:
Application to the CEPH data and global populations
We compared the D′ * and Wn* with the corresponding D′ and Wn values in the CEPH data in order to asses the correlations among these measures. Table 4 lists the correlation among different measures of LD and association between loci in the CEPH. The LD statistics, D′ and Wn, computed from the known haplotypes have a correlation of 0.91 across 78 pairs of KIR loci in the CEPH. The correlation between D′ and the corresponding value computed from the presence/absence genotype data, D′ * , was 0.586. The correlation between the LD statistic Wn for the haplotype data and Cramer's V for the presence/absence genotype data, Wn*, was 0.722. The better fit of the Wn* measure, based on presence/absence data, to its phase-known frequency counterpart (Wn) led us to choose to report results below for the Wn* measure computed for the 30 populations from Single et al. (2007) .
Measures of the strength and significance of the association between different KIR loci in the 30 populations from Single et al. (2007) are summarized in Table 5 . The upper triangle of the table lists the average value for Wn* in each geographic region and the lower triangle lists the proportion of populations in each region with a significant association based on Fisher's exact test. For any locus pair, the overall pattern of LD across geographic regions can be complex. A well-documented result for the distribution of LD is that populations which are more distant from East Africa (the likely origin of the dispersal of modern humans) show progressively higher levels of LD, a result consistent with the effect of genetic drift in generating LD in populations which have gone through a series of bottlenecks (e.g., Tishkoff and Kidd 2004) . Certain pairs of inhibitory KIR loci described below show a similar pattern of association.
The majority of locus pairs show little to no regional trend in the associations. Of these locus pairs, five adjacent loci have high association across all regions (2DS2:2DL2, 2DP1:2DL1, 3DL1:2DS4, 3DS1:2DL5A, and 2DS1:2DS5) as evidenced by measures of both the strength and significance of the associations. This high association across all regions is seen to a lesser extent for 3DS1:2DS1 and 3DS1:2DS5 (loci separated by additional KIR genes) with the exception of three African populations having notably low association for these locus pairs (Biaka, Hausa, and Mbuti). These seven high-LD locus pairs fall in either of the two SNP-defined high-LD blocks identified by Norman et al. (2004) and also agree with the general decay of LD with physical distance.
A trend of increasing strength of positive association with geographic distance from East Africa, similar to that seen in several SNP-based studies, was seen for 2DL3:2DP1 and 2DL3:2DL1. Weaker trends in this direction were seen for 2DP1:3DL1 and 2DL1:3DL1 (pairs with loci on either side of 2DL4). However, a particularly high value of Wn* for the Mbuti, in comparison to very low values for each of the other African populations, somewhat obscures this overall pattern for these two locus pairs in Table 5 . The opposite trend (decreasing positive values with increasing distance from East Africa) was seen for 2DS3 paired with both 2DS2 and 2DL2. The strong LD between 2DS2 and 2DL2 makes it difficult to determine which locus pair might be driving this trend, but it is interesting to note that one of these two locus pairs involves two activating KIR.
Increasing strength of negative association with geographic distance from East Africa was not consistent across all regions for any locus pair. However, stronger negative association in populations from the Americas was evident for several locus pairs (2DS2:2DS4, 2DL2:2DP1, 2DL2:2DL1, 2DL2:3DL1, and 2DL2:2DS4).
The study of neutral markers has repeatedly shown that LD is higher within non-African populations and lower among Africans. This pattern is a consequence of the different demographic histories of these populations with the recent bottlenecks associated to the occupation of Asia, Europe, and the Americas resulting in increased LD. For the KIR data, an increasing association between locus pairs with increasing geographic distance from East Africa was only seen for locus pairs in which both KIR were inhibitory. Thus, the associations between pairs of inhibitory KIR may have retained this signature of demographic history which has been lost for pairs involving activating KIR. Interestingly, the carrier frequencies of certain activating KIR and not of inhibitory KIR showed strong geographic trends with higher frequencies corresponding with greater distance from East Africa.
Testing for natural selection on KIR loci
The evolution of KIR diversity has been hypothesized to result from natural selection favoring specific combinations of receptors and ligands. Rapid evolution of the KIR complex has been demonstrated through sequence comparisons across primate species (Abi-Rached and Parham 2005; Hao and Nei 2005; Khakoo et al. 2000) . Natural selection at the KIR loci has been assessed using diversity among KIR loci based on rates of synonymous/nonsynonymous changes (Hughes 2002) , analyses of LD among loci (Norman et al. 2004) , comparisons of allele frequency spectra (summarized briefly in the paragraph below), and correlations between evolutionary patterns for KIR and major histocompatibility complex class I genes (Hao and Nei 2005; Hiby et al. 2004; Norman et al. 2007; Single et al. 2007) .
Allelic typing for KIR allows the comparison of observed allele frequency distributions with expectations under selective neutrality, and several studies have found patterns of variation consistent with balancing selection. Norman et al. (2004) found 3DL1 allele frequency distributions that were significantly more even than expected under neutrality based on Watterson's (1978) test. Gendzekhadze et al. (2006) reported high values for Tajima's D as evidence for balancing selection for 3DL1/S1 in three Amerindian tribes from Venezuela. Yawata et al. (2006) used both Ewens-Watterson test and Tajima's D to demonstrate evidence of balancing selection for telomeric loci (2DL4, 3DL1, 2DS4, and 3DL2) and positive selection for two centromeric loci (2DL1 and 2DL3) in Japanese hematopoietic stem cell transplantation donors. Comparison of the nucleotide sequences of the different alleles at a locus can also be informative about selective regimes. Jones et al. (2006) found evidence of purifying selection at 3DL3 based on low rates of nonsynonymous compared to synonymous changes for 3DL3 2DS2  2DL2  2DL3  2DL5B  2DP1  2DL1  3DL1  3DS1  2DL5A  2DS3  2DS5  2DS1  2DS4   3DL1  AFR  0/ In what follows, we focus on evidence of selection for combinations of KIR and HLA that primarily involve gene content data.
Selection for KIR/HLA combinations
Several studies have hypothesized that selection pressure, favoring frequencies of activating KIR that suit the localespecific HLA repertoire, has helped shape the evolution of the KIR gene cluster (Hiby et al. 2004; Norman et al. 2007; Single et al. 2007 ). Evidence along these lines has come from disease association studies (Kulkarni et al. 2008 ) and comparative genetic studies across primate species (Abi-Rached and Parham 2005; Hao and Nei 2005; Khakoo et al. 2000) . Considerable attention has been devoted to the effects of selection on KIR and HLA combinations. Hiby et al. (2004) found that the inhibitory combination of maternal homozygosity for KIR haplotype A along with C2 alleles led to increased prevalence of preeclampsia in Caucasians. Based on this model, they hypothesized that population frequencies for C2 alleles and haplotype A homozygous genotypes would be inversely related. They found this pattern in an analysis of eight populations, and additional evidence in this direction was provided by Yawata et al. (2006) based on the low C2 and high haplotype A frequencies in Japanese. A difficulty in interpreting the results of Hiby et al. (2004) is that the data for KIR and HLA that were available for this analysis were not generated from the same set of individuals in each population, and so the population-level relationship between haplotype A and C group2 frequencies appear to (Fig. 2) . While the same set of individuals typed for KIR and HLA (and/or other markers) is not always possible, and thus alternative techniques are then needed to control for sampling (e.g., Meyer et al. 2006) , this type of data is becoming more readily available.
Another concern for studies of natural selection is the fact that the demographic history of populations also shapes the patterns of variation. For example, population structure can mimic the effects of balancing selection, and recent demographic expansions can mimic the patterns of variation expected for loci under positive selection (Bamshad and Wooding 2003) . Thus, certain tests may indicate deviation from neutrality simply because the assumptions of population equilibrium (rather than selective neutrality) are being violated. One approach to dealing with the effects of demographic history is to implement statistical tests that incorporate information about the demographic histories of the populations (Pritchard and Donnelly 2001; Pritchard et al. 2000) .
A particularly critical challenge for studies that compare frequencies across populations is that allele/gene frequencies are not statistically independent among populations due to their shared history. If the populations are treated as independent, as in a standard regression or correlation analysis, the statistical significance of these correlations can be incorrect. It is, therefore, necessary to develop methods which correct for the nonindependence among populations, when testing for correlations among allele/gene frequencies.
When correlation results are used to address the issue of selection, the real comparison of interest is whether the observed distribution is significantly different from what you would expect for neutral (nonselected) loci. Thus, a solution to the problem of nonoverlapping datasets, nonindependence among populations, and to the effects of demographic history is to compare the loci of interest to other loci for the same population samples. The loci used for purposes of comparison can be assumed to have experienced the same demographic history as the loci of The empirical p value is the proportion of times that a larger absolute correlation than the true correlation between KIR GF and HLA GF was observed in the empirical distribution, generated by computing correlations between GFs for 10,000 pairs of unlinked sites typed in the same populations as the present study from the ALFRED database d The resampling p value is the proportion of times that a larger absolute correlation than the true correlation between KIR CF and HLA GF was observed in the resampling distribution, generated by computing correlations between KIR CF and "reassigned HLA" GF 10,000 times alleles decrease with greater distance from East Africa. c Frequencies for the compound genotype KIR3DS1/Bw4-80I show no discernable geographic trend interest and, since the same populations are used, the pattern of nonindependence remains constant. In the case of correlations between KIR and HLA frequencies, this involves asking how often random pairs of unlinked loci are correlated as strongly as or more strongly than the KIR and HLA loci of interest, yielding an empirical p value that accounts for nonindependence among populations. An additional approach for testing the significance of correlations between KIR and HLA frequencies is to compare the observed relationship between the frequencies to a distribution of values generated under the null hypothesis of no relationship between KIR and HLA frequencies using permutation-based methods. Both the permutation-based and empirical approaches account for nonindependence induced by shared history. The application of these methods is described below. Table 6 lists observed correlations between KIR carrier frequency and HLA allele frequency for functionally relevant KIR/HLA pairs. For each KIR/HLA pair, the three different p values are presented: (1) the ordinary Pearson product-moment correlation p value; (2) the empirical p value based on genomic comparisons; and (3) the permutation-based p value. Each of the p values is from a two-sided test, but the Pearson correlation does not account for nonindependence among population pairs. In the empirical approach, gene frequencies for 538 unlinked genomic sites in 202 genes, typed in the same set of populations in the ALFRED database, were used to generate an empirical distribution of correlations between gene frequencies for pairs of unlinked sites. Each of the sites used had a heterozygosity of at least 0.25. The empirical p value represents the proportion of times that the correlation between two randomly chosen sites on different chromosomes was larger in absolute value than the correlation between KIR gene frequencies and HLA gene frequencies. In the permutation-based approach, labels for the C group1/2 (or Bw4/6) status of each HLA-C (or HLA-B) allele were randomly assigned before computing "reassigned HLA" gene frequencies at each iteration. The correlation between KIR carrier frequencies and "reassigned HLA" gene frequencies was computed 10,000 times in order to generate a resampling distribution of correlation coefficients under the null hypothesis. The permutation p value represents the proportion of times that a larger absolute correlation than the true KIR/HLA correlation was observed in the permutation distribution. It is important to note that the permutation-based approach is only possible when one can generate a resampling distribution for a given statistic under the null hypothesis of interest. In the above example, this is accomplished by permuting the labels for C group1/2 (or Bw4/6) status.
The empirical and permutation-based methods generated consistent results for the significance of correlations in Table 6 .
The ordinary Pearson correlation p value, which does not account for nonindependence among populations, overstated the significance for several of the KIR/HLA pairs. Similar empirical methods can be used for other regression-based approaches including, for example, relationships with geography (Fig. 3) . The significance of these trends was overestimated based on p values from an ordinary regression analysis which did not account for the lack of independence among populations (Single et al. 2007 ). The three panels of Fig. 3 provide further evidence of the balance between the frequencies of activating receptors and their corresponding ligands across populations and the coevolution of the HLA class I and KIR loci, although further work is needed in order to determine the degree to which these geographic trends are due to selection or demographic history.
Evidence of the balance between selection on KIR and HLA has come from a variety of sources. Population genetic studies have revealed signatures of balancing selection acting on specific KIR and HLA loci. Disease studies have shown that activating KIR genotypes and compound KIR/HLA genotypes are, in general, associated with higher risk of autoimmune disease but lower risk for certain infectious diseases. This balance between the level of activation and inhibition is also important for reproductive success through the maintenance of pregnancies. Population-level studies provide an opportunity to corroborate results from other study designs, such as disease association studies, on the evolution of the KIR genes through careful analysis of KIR diversity within and among populations.
